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Binary neural networks 
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Discrete Data and Models

• Discrete data 

• Discrete models 

[Qin et al. 2020]
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Genome Tabular Data Task: sample from an unnormalized distribution 
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ω(ε) → exp(U(ε))



• Gibbs sampling 

• Gibbs with Gradients 
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Discrete Samplers

Oops I Took A Gradient: Scalable Sampling for Discrete Distributions. Grathwohl et al., ICML 2021
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How to obtain gradient in discrete domains?

Oops I Took A Gradient: Scalable Sampling for Discrete Distributions. Grathwohl et al., ICML 2021

• Many common discrete unnormalized log-probability are
differentiable functions



• Gibbs sampling 

• Gibbs with Gradients 
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Discrete Samplers

Oops I Took A Gradient: Scalable Sampling for Discrete Distributions. Grathwohl et al., ICML 2021

Only update one dim: 
suffer from high-
dimensional and highly 
correlated distributions!
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Continuous Sampler: Langevin Dynamics 

• Gradients guide the sampler to efficiently explore high probability 
regions

• Cheaply update all coordinates in parallel in a single step

What is the analog of Langevin dynamics in discrete domains? 
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Our Method: Discrete Langevin Proposal 

• Langevin proposal is applicable to any kind of spaces 
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§ When , recover the Gaussian proposal 
§ When is a discrete domain, obtain a gradient-based discrete proposal
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• Coordinatewise factorization
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Discrete Langevin Proposal (DLP) cheaply computed in parallel 
A Langevin-like Sampler for Discrete Distributions. R Zhang, X Liu, Q Liu, ICML 2022
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update all coordinates based on gradient info in parallel
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Samplers: discrete unadjusted Langevin algorithm (DULA)
discrete Metropolis-adjusted Langevin algorithm (DMALA) 

Visualization of Discrete Langevin Proposal 
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Visual Comparison

Existing discrete sampler
• Random walk

• Small move 

Discrete Langevin
• Gradient-informed exploration

• Large move

A Langevin-like Sampler for Discrete Distributions. R Zhang, X Liu, Q Liu. ICML 2022
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Convergence Analysis 

Theorem (informal): The asymptotic bias of DULA’s stationary 
distribution is zero for log-quadratic distributions and is small for 
distributions that are close to being log-quadratic 
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Experiments: Restricted Boltzmann Machines 

• DULA and DMALA converge faster to the target distribution
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Experiments: Deep Energy-based Models

Image generation
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Experiments: Language Models

Text infilling



14

Extension: Multimodal Distributions

Cyclical stepsize and balancing
parameter schedules

Gradient-based Discrete Sampling with Automatic Cyclical Scheduling 
P Pynadath, R Bhattacharya, A Hariharan, R Zhang. NeurIPS 2024
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Theory: non-asymptotic convergence
analysis based on TV distance
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Extension: Combinatorial Optimization
Reheat mechanism:
• Detect when to reheat
• Increase the temperature to a predefined high value 

Reheated Gradient-based Discrete Sampling for Combinatorial Optimization. M Li, R Zhang. TMLR 2025
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Application: LLM Control Generation

• Problem: struggle to balance fluency with constraint satisfaction

Controlled LLM Decoding via Discrete Auto-regressive Biasing. P Pynadath, R Zhang. ICLR 2025
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Discrete Auto-regressive Biasing (DAB)
• Our joint target distribution:

• X: query
• Y: response
• f: constraint function
• B: bias vectors 

• How to sample?
• Discrete Langevin within Gibbs

Controlled LLM Decoding via Discrete Auto-regressive Biasing. P Pynadath, R Zhang. ICLR 2025
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Discrete Auto-regressive Biasing (DAB)

Controlled LLM Decoding via Discrete Auto-regressive Biasing. P Pynadath, R Zhang. ICLR 2025
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DAB Results

• Better fluency and constraint satisfaction trade-off
• 2x faster decoding time
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Application: Molecular optimization & Drug design
• Discrete Langevin + Genetic algorithm

Gradient GA: Gradient Genetic Algorithm for Drug Molecular Design
D Mukherjee, C Zhuang, Y Lu, T Fu, R Zhang. arXiv 2025

• Improve
convergence speed 
and solution quality



DISCS: A Benchmark for Discrete Sampling
K Goshvadi, H Sun, X Liu, A Nova, R Zhang, W Grathwohl, D Schuurmans, H Dai, NeurIPS 2023

• Without natural continuous extension

• Benchmark for discrete sampling: 7 samplers and 3 types of tasks

• Diffusion language models

Efficient Informed Proposals for Discrete Distributions via Newton’s Series Approximation
Y Xiang, D Zhu, B Lei, D Xu, R Zhang, AISTATS 2023
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More Work on Gradient-based Discrete Sampling

Coming soon!



• Sampling in discrete domains can be very efficient by using a discrete
version of Langevin dynamics

• Algorithm extensions: 
• Cyclical schedules for multimodal distributions
• Reheat mechanism for combinatorial optimization

• Applications:
• Classic models: Ising, Potts, Restricted Boltzmann Machines, 

Energy-based models
• LLM control generation
• Molecular optimization & Drug design
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Thank you!

Takeaways


